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structing a structure of a Bayesian network based at least in
part on knowledge of drug inhibiting effects on a disease;
associating a set of parameters with the constructed Bayesian
network; determining values of a joint probability distribu-
tion of the Bayesian network via an automatic procedure;
deriving a mean Bayesian network with one or more averaged
parameters based at least in part on the joint probability
values; and calculating a quantitative prediction based at least
in part on the mean Bayesian network.
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SYSTEMS AND METHODS FOR
IDENTIFYING DRUG TARGETS USING
BIOLOGICAL NETWORKS

CROSS REFERENCES TO RELATED
APPLICATIONS

This application is a continuation of PCT Application No.
PCT/US2011/037001 filed on May 18, 2011, which claims
priority from U.S. Provisional Application Ser. No. 61/346,
182 filed on May 19, 2010, each of which is incorporated
herein by reference in its entirety.

STATEMENT FOR GOVERNMENT SUPPORT

The invention was made with government support under
Grant No. GM 072856 awarded by the National Institutes of
Health. The U.S. government has certain rights to the inven-
tion.

FIELD OF INVENTION

This invention relates to systems biology. More particu-
larly, the invention provides a systematic way, based on bio-
logical networks, to evaluate the effects of inhibiting multiple
drug targets on treating a disease.

BACKGROUND OF THE INVENTION

Bayesian networks (BN) are a popular class of graphical
probabilistic models which are motivated by Bayes theorem.
Such networks have been increasingly applied to various
computation applications, such as computational biology and
computer vision. Current Bayesian network parameter learn-
ing approaches can be classified into two categories: frequen-
tist approach with maximum likelihood (ML) estimation, and
a Bayesian approach with maximum a posterior (MAP) esti-
mation. ML, only uses statistical counts from the data to
estimate the parameters in a Bayes net while MAP employs
certain type of priori statistical belief to further regulate the
statistical counts from the data. Therefore, MAP parameter
estimation is a combinatorial result computed from both data
and prior knowledge.

Prior knowledge can be loosely defined as any statements
involving network structure and parameter properties. For
example, a domain expert can provide information on a local
structure by specitying conditional independence among a
subset of variables or even fully specifying the causality
between variables, thus direction of this edge. A domain
expert might also provide knowledge on network parameters
ranging from directly assigning values to entries in a condi-
tional probability table (CPT) to introducing inequality and
equality constraints in one distribution or across multiple
conditional distributions. In addition, domain knowledge
might also define a prior distribution over the parameters.
Moreover, some knowledge imposes equality and inequality
constraints over the hyperparameters in the prior distribution
function.

Among various domain knowledge, qualitative statements
are perhaps the most generic and intuitive information in a
domain. These statements describes (in)dependence and cau-
sality among domain variables. By definition, “(in)depen-
dence” links multiple entities in a joint representation and
“causality” specifies the conditions and direction within this
joint set. In Bayesian framework, the (in)dependence and
causality in the qualitative domain knowledge defines a set of
inequality relation(s) between a child node’s probabilities
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given all possible conFig.s of its parents. Since nearly every
BN admits (in)dependence and causality given structure, this
type of constraints provide the most generic and useful priori
constraints to the parameter learning task. Moreover, it is less
demanding for a domain expert to specify an inequality con-
straint over entries in a CPT than giving specific values on
individual entry or defining the hyper-parameters of a
Dirichlet prior.

Researchers have proposed a number of algorithms to learn
Bayesian network parameters by utilizing various forms of
prior knowledge, such as dirichlet function[2], [3]. In certain
references [4], [5], [6], parameter learning schemes for vari-
ous graphical models incorporating parameter sharing con-
straints is proposed. For example, parameter equality in one
multinomial conditional distribution. The forms of the con-
straints are limited to either parameter sharing or inequality
constraints within one conditional distribution, such as
P(AIB)>P(Al~B). More generic and important inequality
constraints, such as P(AIB)>P(Al~B) is not addressed by
their methods. In other references [10] and [11], methods are
proposed to deal with the inequality constraints in parameter
learning.

Thus, the inequality constraints have been proposed and
used in qualitative probabilistic inference [18], [19]. How-
ever, due to the lacks of quantitative measurements in the
constraints, they have long been ignored in incorporating
with the quantitative training data in any BN learning process.

The current drug development strategy is primarily
focused on developing tight inhibitors for a single target,
which may not be the most effective way to treat a disease.
The recent advancement of systems biology clearly demon-
strated that the genes/proteins are tightly connected to each
other. The role of a drug target in the genetic network is no
doubt a determinant factor for the efficacy of the inhibitor(s).
In addition, considering the redundancy and robustness of the
genetic network, effective treatment of a disease may require
simultaneous inhibition of multiple proteins. Developing
pharmaceutical targeting a set of proteins in a pathway will
open a new territory in drug discovery and will be a trend in
the near future.

Given the complexity of genetic networks, it is difficult, if
not impossible, to manually select a combination of proteins
as the drug targets and predict the effects of inhibiting these
proteins. Therefore, a computational approach that can tackle
this problem in a systematic and unbiased manner is needed
for pharmaceutical companies that are constantly searching
for new drug targets.

SUMMARY OF THE INVENTION

Some or all of the above needs may be addressed by certain
embodiments of the invention. Certain embodiments of the
invention may include systems and methods for identifying
drug targets using biological networks

According to an example embodiment of the invention, a
method is provided for predicting the effects of drug targets
on treating a disease is provided. The method can include
constructing a structure of a Bayesian network based at least
in part on knowledge of drug inhibiting effects on a disease;
associating a set of parameters with the constructed Bayesian
network; determining values of a joint probability distribu-
tion of the Bayesian network via an automatic procedure;
deriving a mean Bayesian network with one or more averaged
parameters based at least in part on the joint probability
values; and calculating a quantitative prediction based at least
in part on the mean Bayesian network.
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According to another example embodiment of the inven-
tion, a method is provided for automatically determining a
multinomial distribution in a Bayesian network. The method
includes constructing a graphical structure of a Bayesian
network using a set of joint probability parameters associated
to the constructed Bayesian network structure; designing an
automatic procedure to determine values associated with said
joint probability parameters; simultaneously deriving an
equivalent mean Bayesian network or a class of Bayesian
networks; and performing quantitative predictions and rea-
soning simulations using the equivalent mean Bayesian net-
work or the class of Bayesian networks.

According to an example embodiment of the invention, a
system is provided for determining parameters of a Bayesian
network. The system may include at least one memory for
storing executable instructions; at least one processor in com-
munication with the at least one memory, wherein the at least
one processor is operable to execute the stored instructions to
receive a plurality of inequality parameter constraints, the
inequality constraints based at least in part on qualitative
domain knowledge; construct a parameter distribution based
upon the plurality of inequality parameter constraints; and
integrate, using quantitative data statistics, the parameter dis-
tribution to determine a Bayesian parameter score function
using quantitative domain knowledge, wherein the Bayesian
parameter score function reflects both the quantitative
domain knowledge and the qualitative domain knowledge.

Example embodiments of the invention provide an algo-
rithm or procedure for performing parameter learning in
Bayesian network given structure by integrating qualitative
statements-derived inequality constraint with data. An
example algorithm provided by an embodiment of the inven-
tion can handle many other types of prior knowledge and
constraints, such as undirected relation, logic and higher-
order non-linear constraints. Even with the most generic con-
straints, example embodiments of the invention can dramati-
cally improve learning accuracy even with very scarce data (a
few samples).

Comparatively, the invention method works directly on the
parameter space through sampling and obtain the dirichlet
hyperparameters directly. Thus, the invention method can be
more efficient and feasible than some traditional methods
[13]. Besides the data-based learning approaches with prior
knowledge, a novel algorithm is provided to perform quanti-
tative probabilistic inference in (Dynamic) Bayesian net-
works by using only prior knowledge (without any quantita-
tive training data) [7]. Using example embodiments of the
invention, it is possible to represent various inequality rela-
tions between conditional probabilities with linear regression
[7]. Parameter constraints may be used to define a distribution
in the model space where each model is consistent with the
body of the prior knowledge. Inconsistent knowledge can be
transformed into a distribution over the knowledge space [8].

Example embodiments of the invention provide a compu-
tational method to identify drug targets using a systems biol-
ogy approach. Given a network that regulates a disease, the
invention method can predict the effects of inhibiting a set of
genes on the marker genes of the disease. For example, if two
marker genes are highly up-regulated in a disease, the inven-
tion method can find inhibition of which genes can reduce the
expression of the two marker genes back to the normal levels.
Therefore, the invention method provides a systematic
approach to identifying drug targets. More particularly,
example embodiments of the invention provide a systematic
way, based on biological networks, to evaluate the effects of
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inhibiting multiple drug targets on treating a disease. Such
effects often cannot easily identified by using traditional
molecular biology approach.

Different from the commonly used approach of modeling
network behavior using ordinary or partial differential equa-
tion (ODE or PDE), example embodiments do not require any
free parameter like the rate constants used in ODE or PDE.
This feature makes it possible to model large networks (hun-
dreds of nodes) and analyze the consequences of simulta-
neous perturbation of multiple genes. In contrast, ODE or
PDE are often limited to analyzing a relatively much smaller
network (10-20 nodes).

The capability of analyzing large network is important in
drug target discovery because the genetic network regulating
a disease often involves a large number of genes. Therefore,
ODE or PDE approaches only can consider local effects in the
network. However, embodiments of the invention can take
into account global effects of inhibiting proteins in the net-
work and therefore, may be useful in drug target discovery.

In certain embodiments, the invention provides a com-
puter-aided procedure for automatic determining numerical
parameters in Bayesian networks given the network structure.
This is the important step of predicting the effects of inhibit-
ing proteins on marker genes of a disease. In scientific and
industrial areas, quantitative simulations are often required to
achieve better understanding of a system and to predict sys-
tem behavior under certain conditions. For example, in
genetic-related disease, gene and proteins regulate each other
to control the progress of the disease. Inhibiting specific
genes/proteins may introduce dramatic changes to the course
of the disease. In such case, it is desired to predict such
changes in quantitative level with computer-aided simulation
algorithms.

According to an example embodiment of the invention, an
algorithm is provided that utilizes a Bayesian network, which
consist of a structure representing the dependence between
the variables in the data and parameters indicating probabili-
ties of occurrence of certain events. In an example embodi-
ment, the Bayesian network can be learned from a set of data
where structure and parameters are determined by maximiz-
ing certain statistic score. After Bayesian network is estab-
lished from the data, quantitative prediction on network
behavior under specific condition can be investigated. Pre-
requisites for such quantitative inference may include (i) that
the network structure is known, and (ii) that numerical param-
eters are conFig.d under this structure.

In the practice of drug target discovery, sets of quantitative
data are largely unavailable and/or sparse comparing to the
dimension of the network. In this case, it is hardly sufficient to
learn a Bayesian network from these data, i.e. the learned
Bayesian network is statistically insignificant for quantitative
predictions. Alternatively, it is still possible to construct a
Bayesian network structure by taking advantage of domain
experts’ knowledge and other knowledge resources in a
domain, such as scientific publications. Thus, the remaining
problem eventually downgrades to parameter configuration
in the constructed network. Without quantitative data, it is
almost impossible for domain expert to determine every
single probability in the multinomial distribution given the
large amount of local structures in a complex Bayesian net-
work. Example embodiments of the invention address such
issues by providing a method and/or a computer-aided simu-
lation procedure, to automatically determine the multinomial
distribution in a Bayesian network given its structure.
According to an example embodiment, the method may
include a first step of constructing a graphical structure of a
Bayesian network by adding directed edges between vari-
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ables according to a domain expert and other knowledge
resource or by a given or obtained graphical structure before
the procedure starts. According to an example embodiment, a
set of parameters may be associated with the constructed
Bayesian network structure, and the parameters may include
joint probability. Each parameter in the set denotes the prob-
ability of a value of a variable in a conjunction with values of
other variables.

In an example embodiment, the invention may include a
second step of designing an automatic procedure to determine
the values of the joint probability distribution based on only
the (local) structures in a Bayesian network, i.e. the (local)
number of activating parents and the (local) number of inhib-
iting parents. According to an example embodiment, the acti-
vating parent, defined as a parent node, when present, may
increases the belief of the child node; and the inhibiting
parent, defined as a parent node, when present, decrease the
belief of the child node. With the determination of the param-
eter set, example embodiments of the invention may include
athird step of deriving an equivalent mean Bayesian network
or a class of Bayesian networks simultaneously. This equiva-
lent single Bayesian network may be a Bayesian network with
averaged parameters from the Bayesian network class. Either
the equivalent mean Bayesian network or the class of Baye-
sian networks can be used to perform quantitative predictions
and reasoning simulations.

Example embodiments of the invention enables automatic
parameter configuration in a Bayesian network given its
structure. In particular, and according to an example embodi-
ment, the local structure, i.e. the number of local activating
parents and inhibiting parents is the only requisite for such
parameter configuration. Then, quantitative prediction can be
derived from an equivalent mean Bayesian network or from a
class of Bayesian networks. The quantitative predictions have
been approved to agree with actual experimental biological
data.

In certain example embodiments, the automatic joint dis-
tribution configuration may be based on three logic observa-
tions: (A) excluding the interactions between parents, the
more number of activating parent nodes that a child node has
become present/active, the larger belief of a child node can
become under the same number of active/present inhibiting
parents. (B) Excluding the interactions between parents, the
more number of inhibiting parent nodes that a child node has
become present/active, the smaller belief of a child node can
become under the same number of active/present activating
parents. (C) Considering the interactions between specific
parents, statements (A) and (B) can be adjusted accordingly
to meet the logic provided by the interaction.

In other example embodiments of the invention, the belief/
probability of the child node under the condition of specific
number of activating and/or inhibiting parent nodes being
present may be represented and calculated by the joint distri-
bution of the child node and its parent nodes. In yet other
example embodiments of the invention, the basic logic in
statements (A), (B) and (C), i.e. logic that number of activat-
ing and inhibiting parent nodes being present results in larger
or smaller belief of the child node. FIG. 1 depicts such logic
encoded into a matrix. The row indicates the number of acti-
vating parents of a child node and the column denotes the
number of inhibiting parents of a child node. Each element in
the matrix is the child’s probability under a combination of
activating and inhibiting parent nodes which is specified by
matrix row/col. index. Various combinations of activating and
inhibiting parent nodes confer the instantiations of parent
nodes and child nodes in the joint distribution. In other words,
all instantiations of joint probability are classified into several
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categories (each category is an element in the parameter
ordering matrix in FIG. 1) based on the number of activating
parents and number of inhibiting parents in the instantiation.

According to statements (A), (B) and (C) above, each
element in the matrix, i.e. the probability value, is arranged in
an ascending order from left to right and descending order
from top to bottom as shown in FIG. 1. The joint probability
of parents nodes and child node can be determined by sam-
pling in the parameter space following these orders. Prefer-
ably, the ascending and descending order covers one or more
large relations and/or small relations and/or large/equal rela-
tions and/or small/equal relations.

In other example embodiments of the invention, each joint
probability sample specifies a Bayesian network, and these
samples together define a class of Bayesian networks. Aver-
age over the joint probability samples may be determined and
a mean Bayesian network with averaged parameter derived.
According to an example embodiment of the invention, quan-
titative prediction is calculated by integration over the set of
Bayesian networks and limits of this integration are given by
the ascending/descending order matrix in the second step (as
provided above). The integration is also multiplied by apriori
probability of the Bayesian network in the set with which the
parameter is associated. This integration can be approximated
by Monte Carlo Simulation and/or Markov chains so that
every joint probability parameter conferrd to the ordered
matrix is accepted with the same apriori probability. If nec-
essary, it is possible to select different apriori probability in
different areas of the joint parameter space under the guid-
ance from domain expert and/or other knowledge resources.

In an example embodiment, a graphical structure with
cycles may be given. Such graphical structure does not agree
with the definition of DAG (directed acyclic graph) and Baye-
sian network mentioned above. Therefore, a cyclic graph
structure is converted into a temporal development of an
acyclic graph structure.

Example embodiments of the invention can be used in
numerous applications such as molecular biology, genetic
engineering, and finance. A preferential area of application is
biological and/or biomedical fields. In these fields, graphical
structure is given by expert and other knowledge resources
about interactions from a protein to a gene and/or influence
from biological molecules on occurrence of disease. The
parameter configuration may be derived from the local struc-
ture according to the second step.

Example embodiments of the invention include a computer
program product with a program code stored on a machine-
readable carrier for execution by a computer.

FIG. 2 shows examples of acyclic graph structures occur in
a Bayesian network. According to the execution of the first
step, given structures G,-Gs, their associated joint probabili-
ties can be written as:

©,: P(4,B,C,D); ©,: P(4,B,D); ©: P(4,B.D); ©,:

P(4,D); ©5: P(4,D) Eq. (al)

Bayesian networks defined by these structures and their
parameters can be written as

B1=(Gy, ©,); By=~(Ga, ©3); B3=(G3, ©3); B4=(Gy, ©4);

Bs=(Gs, ©s); Eq. (a2)

By execution of the second step, a matrix is constructed
which places a relative order over the child’s probability
under a combination of activating and inhibiting parent nodes
as shown in FIG. 3A-3E.

According to an example embodiment, value P, ; in the
matrix indicates child’s probability in the presence of j acti-
vating parent nodes and i inhibiting parent nodes. This value
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may be represented by the joint probability. For example, in
FIG. 3D, P, , and P, , is calculated as:

P(D, A) Eq. (a3)
Pog= ———
PD, A)+ P(D, A)

P(D, A) Eq. (a4)
PO,l =————
PD, A)+ P(D, A)

According to the matrix, the order between the four joint
probabilities in Eq. (3), (4) is:

P(D, A) P(D, A) Eq. (a3)

P(D,A)+P(D,A)  PD,A) +PD, A)

It is also well-known that four joint probability sum to 1
according to probability theory:

P(DA)+P(D,4)+P(D,4)+P(D,A)=1 Eq. (a6)

According to the third step of the present invention proce-
dure, each joint probability sample together with the structure
G, uniquely define a Bayesian network B,. These networks
forms a class of Bayesian network which generate quantita-
tive predictions and final quantitative result is the numerical
average of these predictions. In addition, the average of these
joint probability samples results in an equivalent mean Baye-
sian network. This equivalent Bayesian network is used to
generate quantitative prediction.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates parameter ordering matrix based on local
structure.

FIG. 2 illustrates graph structure examples.

FIG. 3A illustrates ordering matrix of ®,. FIG. 3B illus-
trates ordering matrix of @,. FIG. 3C illustrates ordering
matrix of ©;. FIG. 3D illustrates ordering matrix of . FIG.
3E illustrates ordering matrix of .

FIG. 4A illustrates joint probability samples. F1G. 4B illus-
trates conditional probability samples.

FIG. 5 illustrates correlation between the predicted and
experimental gene expression changes of the Oct3/4 marker
genes in the human embryonic stem cells, and FIG. 5B illus-
trates the same for Nanog marker genes.

FIG. 6 A-6L illustrates parameter learning example in toy
network: the network contains two binary nodes. A is an
activator patent of B. X, Y-axles represent conditional prob-
ability P (B/A) and P (B/A) respectively; Z-axis is equal to the
negative value of posterior statistical counts [—(Nl.jk+M1ﬂk)]
in Eq. 8 with ML, MAP, and QMAP estimation.

FIG. 7A illustrates parameter learning in yeast cell cycle
network, and FIG. 7B illustrates K1, divergence.

FIG. 8A-8D illustrates comparision of AU recognition net-
work parameter learning results from ML and QMAP respec-
tively.

FIG. 9 represents a dynamic Bayesian network.

FIG. 10 represents a 2-time-slice Bayesian network in rela-
tion to a mammary cell proliferation network.

FIG. 11 shows and example prediction on cell proliferation
in MCF-7 cell.

FIG. 12 shows correlation between predictions and experi-
ments.

FIG. 13 shows crediction on cell proliferation in three
breast normal and cancer cell.
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FIG. 14 shows correlation between predictions and experi-
ments.

FIG. 15 is a flow diagram of a method, according to an
example embodiment of the invention.

FIG. 16 is a flow diagram of another method, according to
an example embodiment of the invention.

DETAILED DESCRIPTION OF THE INVENTION

The generalization performance of a learned Bayesian net-
work largely depends on the quality of the prior provided to
the learning machine. Indeed, the prior distribution is
designed to provide additive domain expert knowledge to the
parameters in a Bayesian network which tolerate some vari-
ance around these initial counts. The learning task is combi-
natorial regulates on this initial counts by the data statistics.
The use of a prior distribution becomes even more important
in case of scarce data.

One essential problem in specifying Dirichlet prior (com-
monly used in maximum-a-posterior estimation) is that, it is
often impossible for a domain expert to accurately specify the
parameters of a Dirichlet distribution since they are unintui-
tive to a domain expert. Consequently, in practice, the param-
eters of a Dirichlet prior are either randomly assigned or set
equally which results either non-informative prior or statisti-
cally inaccurate prior. When data is scarce, this inaccurate
prior induce additive bias in selecting the single best model.

On the other hand, there is usually qualitative information
available from many resources in a domain, such as domain
expert, literature, database etc. Such knowledge usually con-
tains validated information describing certain qualitative
relations, e.g. inequality or logic, among entities in the
domain. This type of qualitative knowledge has been ignored
in Bayesian network learning due to their properties of lack-
ing quantitative information which is desired to a learning
machine.

Example embodiments of the invention includes a frame-
work for learning parameters in Bayesian networks by inte-
grating generic qualitative domain knowledge with quantita-
tive data. A qualitative information is first translated into
mathematic formulations, e.g. constraints. Then Monte Carlo
sampling is recruited to reconstruct the quantitative prior
distribution out of the qualitative domain knowledge and a
novel score is designed to combine the prior distribution with
data statistics. The algorithms (QMAP) are tested both in
genetic regulatory network in computational biology and in
facial Action Unit recognition network in computer vision.
The results show that i) with even very generic qualitative
domain knowledge, QMAP outperforms drastically ML and
MAP estimation; ii) QMAP achieve surprisingly good esti-
mation even with very scarce data and dramatically reduced
the dependence on the amount of training dataset.

Methods

A framework is provided for Bayes net parameter learning
with generic prior knowledge. In this study, a knowledge
model [9, 10] was used to translate the qualitative domain
knowledge into a set of inequality parameter constraints. The
parameter priori distribution (i.e. priori pseudo counts) was
reconstructed from these constraints. A novel Bayesian
parameter score function which integrates this prior distribu-
tion with the quantitative data statistics was provided. In this
way, the parameter posterior distribution is combinatorially
regulated by both quantitative data and prior knowledge.

A. Qualitative Constraints

In general, qualitative domain knowledge can define vari-
ous constraints over conditional probabilities in a Bayesian
network. As described before, most of these constraints can
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be represented by a linear regression function f(8,,)=c, 1, j, k
(c is a scaler), where 8, ; is the conditional probability of the
state of ith node being k, given its jth parent configuration. In
particular, four types of constraints can be derived from this
function.

Range Constraints defines the upper bound and lower
bound of any parameter in a Bayesian network:

020, TGFB;=0,=P;=1 (D

Cross-distribution Constraints defines the relative relation
between a pair of parameters over different conditions. If two
parameters in a constraint share the same node index i and
value k, but different parent configuration j, the constraint is
called cross-distribution constraint. This constraints can be
usually derived from causality in the qualitative knowledge.

@

Intra-distribution Constraints defines the relative relation
between a pair of parameters under the same conditions. If
two parameters in a constraint share the same node index i and
parent configuration j, at different value k, the constraint is
called intra-distribution constraint. Parameter sharing con-
straint [6,7,8] is an example of this type.

eijksaaeijkvj:j,

0,5=,20,, Vk=k' ©)

Inter-distribution Constraints defines the relative relation
between a pair of parameters under the same conditions. If
two parameters in a constraint do not share any of node index
1, parent configuration j and value k, the constraint is called
inter-distribution constraint.

0,755,205 Vi =i j = =k’

B. Qualitative Bayesian Parameter Score (QBPS)

In this section, a posterior probability of parameter incor-
porating both quantitative data and these prior constraints was
provided, and this score function was named as Qualitative
Bayesian Parameter Score (QBPS). The log-form parameter
posterior probability given Bayes net structure and a set of
qualitative constraints can be written as

Q)

log P r(01G,D,Q2)=logp,(D16,G)+log Pr(01G,Q)-c %)

where 0 denotes the parameters in a Bayes net and G is the
network’s structure. Q represents a set of constraints in quali-
tative prior knowledge as described in section III-A. Under
same assumptions as [1], i.e. 1) iid and complete samples; ii)
data follows multinomial distribution; iii) parameter modu-
larity and independency; iv) prior parameter distribution is an
exponential family, Eq. 5 can decomposed into data likeli-
hood and parameter prior distribution. The data log-likeli-
hood is adopted from conventional parameter learning
method.

no 4 1
logPH(D |0, G) = Z

i=1 j=1 k=1

©

N;jlogh;

where N, is the number of occurrence in the training date
for the ith node to have a value of k and for its parent to have
a value of j.

The parameter prior distribution is described by the quali-
tative constraint. Based on these constraints, an set of inde-
pendent priori parameter instances can be sampled and each
parameter in the set follows a discrete distribution in the
exponential family, such as multinomial distribution. There-
fore, the prior parameter distribution can be defined as
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n  q; i
PO, G) =« ]_[

i=1 j=1 k=1

y @)
M ji
0:

Given €2 and G, this set of prior parameters 6,, defines a
class of independent prior networks, i.e. each parameter in the
set uniquely define one prior network. Now, if sample in a
prior network A times (A is an arbitrary number), the “suc-
cess” hits of (X,=k, I1,=) exists in the A samples is equal to
M,;,=AxP 1(X, 7k, I1,5j1G, ). Together, the QBPS score can
be written as

n g

Pro1G. 0. =o[ |[ ] 1—[ Ol_nj{ijk Mg

i=1 j=1 k=1

®

In this way, each prior network determines a pseudo prior
statistic count M, ; and provide soft regulations in conjunc-
tion with the data statistics. M, is functionally equivalent to
the hyperparameters of a dirichlet distribution in the conven-
tional parameter learning methods and a closed form estima-
tion can be easily derived. Consequently, the set of prior
networks based on qualitative prior knowledge €2 augments
the statistics in data and define a class of posterior probabili-
ties. A set of posterior probability (QBPS scores) can be
obtained by projecting the data statistics onto the prior param-
eter space defined by inequality constraints from qualitative
prior knowledge Q.

C. Maximization of QBPS Score

In this section, it shows that a class of QBPS scores can be
derived given data and qualitative prior knowledge. Each
QBPS score is associated with single prior network in the
model space defined by the constraints. Thus, the local maxi-
mum of each QBPS score can be obtained by computing its
derivative and setting the derivative to zero as conventional
learning methods. Thus, the local maximum estimation of a
QBPS score equals to

~ Nij + My €]

By = —
3 Ny + My
k=1

where M, ;=AxP r(X,7k, I,1€2). Now, itassumes that A and
N, has a ratio y, i.e. A=yxN,, Eq. 9 can be extended as

- Nije +yNoPr(X; =k, I1; = j| Q)

10
O;jk =

K
2 Nyg +yNoPriX; =k, I1; = j| Q)
&1

From Eq. 10, it showed that ratio y actually specified the
belief-ratio between data statistics and prior knowledge sta-
tistics. If y=0, it neglects the statistics from the prior knowl-
edge and only trusts the statistics in the data, thus, the esti-
mation in Eq. 10 converges to ML results; If y=+oo, the
statistics in the data was neglect and only the prior knowledge
was trusted, the results converge to Bayesian inference with
only prior knowledge [9,10]. Since the estimationin Eq.8 is a
joint effect from both inequality constraints in qualitative
prior knowledge and data observation, it was names as a
Qualitative Maximum a Posterior (QMAP) estimation.
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D. QMAP Estimation

1. QMAP Estimation with Full Bayesian Approach

The posterior probability distribution of Bayesian network
models is only defined by its parameter distribution given the
network structure (G). As it was shown previously, the quali-
tative constraints L can define a set of constraints in the prior
parameter space. By recruiting Monte Carlo sampling, the
priori parameter distribution from this set of constraints can
be reconstructed and a set of prior networks/models (m) can
be obtained which are consistent with the body of the quali-
tative knowledge. Thus, the final posterior probability of
Bayesian network models is defined by this class of prior
networks in terms of a set QBPS scores (Eq. 8). To further
predict future observations on variable X from the training
data (D) and priori constraints Q, given Bayesian network
structure (G), this prediction can be calculated as an integra-
tion over the parameter space weighted by its posterior prob-
ability.

Pr(X1G,D,Q)=oPr(X10,G)Pr(0G,Q,D)do (11

The posterior probability of the model parameter given
data and qualitative prior knowledge, i.e. Pr(01G, €2, D), is in
turn an integration over all possible prior models (m) in the
class defined by Q, thus, extend Eq. 11 can be extended as

PrX|G, D, Q):fpr(xw, G)fPr(O,mlG, Q, D)dmd? (12
2] m

=fPr(X|0,G)f
] m

Pr(D |8, G)PrO| G, m)Prim| Q) 4

PriD) md?

P r(ml€) in Eq 12 is equal to 1 since all the valid prior
models (m) are consistent with the prior constraints Q.

The outer integration can be approximated by its local
maximum if it is assumed the QBPS curve for each model is
peaky, then the inference can be written as Pr(X16, G). With
full Bayesian approach, final QMAP estimation of the param-
eter can be optimized by integrating the set of local QBPS
maximums over the prior network space, i.e. selecting the
QMAP estimation which maximize the integrated QBPS
score.

- PrD|8. G)PrOI G mPrim| Q) (13)
= argmax‘?{ f Pr(D) ’”}

m

L
1 N+,
:argmaXQ{Z§ a| |0‘-jkfk+ kar(m|n>}

=Lk

Note that each prior network m uniquely associate with a
pseudo prior statistical count M,;. The integration can be
approximated in Eq. 13 with Monte Carlo sampling and sim-
plify the estimate as where Pr(m|€2) equals to one if Mlijk isin
the class of prior networks defined by qualitative prior knowl-
edge, otherwise, it equals to zero. By taking the derivative of
Eq. 13 with respect to 8, the constrained QMAP estimation
was obtained with full Bayesian approach as
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(14)
i + M }

N,
7
« Nig + M

. L
Bormap,FBa = Z{ E
1

2. QMAP with Frequentist Maximization Approach

On the other hand, given the qualitative prior knowledge
and training data, a set of QMAP maximums is derived from
multiple prior parameter samples by performing Eq. 10. In
practice, this set of prior networks can be retrieved given
qualitative constraint with Monte Carlo sampling. Each prior
network is associated with an unique M, 4 The final QMAP
estimation can be obtained by frequentist maximum approach
to select one single best estimate from the parameter posterior
probability space. In this way, the maximum from a set of
local maximums can be picked up.

A N+ My (15)
Oomap,Fua < argmax oz]_[ 0‘-1-,( Prim| Q) =

ijk

Ny + M, }

argmax,d ————————
Xm{Zk Niic + Miljk

FIG. 6A-6L illustrates parameter learning example in toy
network: the network contains two binary nodes. A is an
activator patent of B. X,Y-axles represent conditional prob-
ability P (B/A) and P (B/A) respectively; Z-axis is equal to the
negative value of posterior statistical counts [—(Nyk+Mly-k)]
in Eq. 8 with ML, MAP, and QMAP estimation. An example
plot of posterior statistical counts in Eq. 8 is shown in FIG. 6.
In case of ML learning, the M*, 4 1s equal to zero for all i,j,k.
In case of MAP learning, a typical scenario was simulated,
where the dirichlet parameters is set equally to a scalar. In this
case, the dirchlet parameters tends to smooth the posterior
score by adding equal amount of pseudo counts for all i,j.k.
The smoothed posterior favors to the uniformly distribution
in this case. By setting these prior pseudo counts to 1, con-
ventional MAP methods try to minimize this biased smooth
effects. However, the bias remains significant when the train-
ing data is relative small. In FIGS. 6K and 6L, it showed that
the QMAP methods augment the posterior distribution by
reconstructing the prior from the qualitative knowledge and
each prior distribution sample M, 4 18 combined with the
data statistics to regulates posterior counts on equal opportu-
nities. In this way, the multiple local maximums sit in the
posterior space can be explored so that the global maximum
is ensured to be selected.

Throughout this application, various publications are ref-
erenced. The disclosures of all of these publications and those
references cited within those publications in their entireties
are hereby incorporated by reference into this application in
order to more fully describe the state of the art to which this
disclosure pertains. Nothing herein is to be construed as an
admission that the inventors are not entitled to antedate such
disclosure by virtue of prior invention.

To the extent that any definition or usage provided by any
document incorporated herein by reference conflicts with the
definition or usage provided herein, the definition or usage
provided herein controls.

In any application before the United States Patent and
Trademark Office, the Abstract of this application is provided
for the purpose of satisfying the requirements of 37 C.F.R.
§1.72 and the purpose stated in 37 C.F.R. §1.72(b) “to enable
the United States Patent and Trademark Office and the public
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generally to determine quickly from a cursory inspection the
nature and gist of the technical disclosure.” Therefore, the
Abstract of this application is not intended to be used to
construe the scope of the claims or to limit the scope of the
subject matter that is disclosed herein. Moreover, any head-
ings that may be employed herein are also not intended to be
used to construe the scope of the claims or to limit the scope
of the subject matter that is disclosed herein. Any use of the
past tense to describe an example otherwise indicated as
constructive or prophetic is not intended to reflect that the
constructive or prophetic example has actually been carried
out.

The present disclosure is further illustrated by the follow-
ing examples, which are not to be construed in any way as
imposing limitations upon the scope of the claims. On the
contrary, it is to be clearly understood that resort may be had
to various other aspects, embodiments, modifications, and
equivalents thereof which, after reading the description
herein, may suggest themselves to one of ordinary skill in the
art without departing from the spirit of the present disclosure.

EXAMPLES
Example 1
Yeast Cell Cycle Network

In this study, the algorithm in a realistic biological network
was tested. The transcriptional regulatory network of yeast
cell cycle is recently delineated and proven to be robust [17].
Inthis network in FIG. 7A (the network in [17] was adopted),
transcript factors and their target genes form a complex cyclic
graph with auto-regulation and feed-back regulation. The
dynamic Bayesian network was used to model this biological
network. In biological network, the constraints can be formu-
lated based on the natural property of an transcription regu-
lation. As shown in FIG. 7A, color (in greyscales) of every
link between two genes indicate either activating or inhibiting
regulations. The “green” color denotes activation, i.e. parent
gene activates the child gene. While, the “red” color indicates
inhibition. If a gene is regulated by multiple parent nodes, G*
denote all the activator parent genes, and G denote all the
inhibitor parent genes. Then P(G~11G"=0,G"=1)=<P
(G~11G"=1,G"=0) was obtained. The “yellow” link repre-
sent a negative self-feedback regulation which means that this
genes’ expression level will be inhibited by itself.

Since the true parameters of this network is not revealed,
random probabilities were assigned to the links of this net-
work. For round of each parameter assignment, synthetic
temporal datasets were independently generated with repre-
sentative sample size, i.e. (10, 20, 30, 50, 100, 150, 200). This
temporal dataset is used to learn the original parameter
assignments. In each learning task, three learning schemes,
i.e. ML, MAP (with dirichlet parameter Mijk=1) and QMAP
were performed. For each scheme, learning results were cal-
culated by averaging Kullback-Leibler divergence of the
learned parameters (under specific sample size) to the actual
parameter assignments. This learning process was repeated
with various parameter assignments. The final results (mean
KL divergence) for each learning scheme with various train-
ing samples are shown in FIG. 7B. At 10 training samples,
QMAP improves the learning accuracy by more than 3 times
to ML estimation and 2 times to MAP estimation. It is shown
that QMAP algorithms constantly outperform ML and MAP
approach in a dynamic network under all sample sizes. Espe-
cially, in case of scarce data (data sample less than 50), the
QMAP methods which incorporate the qualitative domain
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knowledge, significantly improves the estimation accuracy
than ML and MAP. To achieve a good learning results, (e.g.
KL=0.1), QMAP requires 30 to 50 samples. To obtain com-
parable results, ML, and MAP requires 100 to 200 samples.
Indeed, it can be concluded that, for a parameter learning task
in dynamic systems like yeast cell cycle transcription regula-
tory network, 1) QMAP can drastically improve the learning
accuracy comparing to ML, and MAP. In case of scarce data,
QMAP improve the estimation accuracy (in terms of KL
divergence) by 2 to 3 times; ii) To achieve a good prediction
performance (in terms of KL divergence), QMAP reduce the
required temporal data samples by around 3 to 4 times. This
is particular valuable for parameter learning tasks in a
dynamic system where temporal dataset is hard and expen-
sive to get.

FIG. 8 illustrates a comparison of AU recognition network
parameter learning results from ML and QMAP respectively.
(a) AU recognition network with AU nodes and measurement
nodes; (b) K-L divergence measurement of parameter learn-
ing in AU network based on training dataset with various
sample size. Comparison of AU recognition skill using the
BN leaned from ML and QMAP respective. QMAP to stan-
dard ML skills were compared; (c) AU recognition network;
and (d) AU recognition skill score at 200 training samples on
AU nodes.

FIG. 9 represents a dynamic bayesian network, and FIG. 10
represents a 2-time-slice bayesian network in relation to a
mammary cell proliferation network. The arrows in FIG. 9
represent activation and flat ends represent inhibition. Cytok-
ine TGFp inhibits cell growth promoter, c-MYC. In addi-
tional, c-MYC promotes cell proliferation by repressing sev-
eral cell growth suppressor proteins, p15, p21. TGFf elevates
activity of three cyclin-dependent kinase’s inhibitor: p15, p21
and p27. p15, p21 and p27 inhibit the complex formation
between cyclinD and CDK4,6 and p27, p21 further prevent
cyclinE-CDK2’s activation. TGFp elevates expression of
CDK4/6-specific inhibitor p15. p27 binds to CDK4,6 to form
a complex, meanwhile, p27 is released from this protein
complex under the presence of p15. p15 indirectly stimulates
the surge of p27. CyclinD1 and CDKs 4,6 form a complex
which drives the cell proliferation in combination with com-
plex formed by cyclinE and CDK2. Besides TGFp pathway,
hyperactive Ras signaling regulates cell developments and
promotes cell growth.

FIGS. 11-14 represent prediction on cell proliferation effi-
ciency with interfered TGFf and cyclinD1 in Breast Cancer.
FIG. 11 shows and example prediction on cell proliferation in
MCF-7 cell. FIG. 12 shows correlation between predictions
and experiments. FIG. 13 shows crediction on cell prolifera-
tion in three breast normal and cancer cell. FIG. 14 shows
correlation between predictions and experiments.

An example method 1500 for predicting the effects of drug
targets on treating a disease will now be described with ref-
erence to the flowchart of FIG. 15. The method starts in block
1502, and according to an example embodiment, includes
constructing a structure of a Bayesian network based at least
in part on knowledge of drug inhibiting effects on a disease. In
block 1504, the method 1500 includes associating a set of
parameters with the constructed Bayesian network. In block
1506, the method 1500 includes determining values of ajoint
probability distribution of the Bayesian network via an auto-
matic procedure. In block 1508, the method 1500 includes
deriving a mean Bayesian network with one or more averaged
parameters based at least in part on the joint probability
values. In block 1510, the method 1500 includes calculating
a quantitative prediction based at least in part on the mean
Bayesian network. The method 1500 ends after block 1510.
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Another example method 1600 for automatically deter-
mining a multinomial distribution in a Bayesian network will
now be described with reference to the flowchart of FIG. 16.
The method starts in block 1602, and according to an example
embodiment, includes constructing a graphical structure of a
Bayesian network using a set of joint probability parameters
associated to the constructed Bayesian network structure. In
block 1604, the method 1600 includes designing an automatic
procedure to determine values associated with said joint prob-
ability parameters. In block 1606, the method 1600 includes
simultaneously deriving an equivalent mean Bayesian net-
work or a class of Bayesian networks. In block 1608, the
method 1600 includes performing quantitative predictions
and reasoning simulations using the equivalent mean Baye-
sian network or the class of Bayesian networks. The method
1600 ends after block 1610.

Example 2
Facial Action Unit Recognition

In this study, the invention method was applied to facial
action unit (AU) recognition. The Facial Action Coding Sys-
tem (FACS) [14] is the most commonly used system for facial
behavior analysis. Based on FACS, facial behaviors can be
decomposed into a set of AUs, each of which is related to the
contraction of a specific set of facial muscles. Due to the
underlying physiology and the facial anatomy, AUs often
move in a coordinated and synchronized manner in order to
produce a meaningful expression. To represent the dependen-
cies among AUs, Tong et al [16] proposed to use Bayesian
network to capture the relationships among AUs. Following
the work of Tong et al., the same Bayesian network model was
used to capture the relationships among the 14 most common
AUs as shown in FI1G. 8A, where the larger circular nodes in
the model represent AUs while the smaller nodes represent
their image measurements. It was demonstrated that the
Bayesian network model is superior to the state of the arts AU
recognition method. But to use the model, a large amount of
training data are needed, which is often hard to acquire. The
present invention method shows that the comparable results
can be achieved using only a fraction of Tong et al’s training
data. Similar to the study in biological networks, constraints
were extracted based on the following rules provided by
domain experts:

1. Marginal Constraint: In spontaneous cases, some AUs
rarely occur. One example for this case is AU27, and the
rule is P(AU27=1)<P(AU27=0), where 1 means presence
and 0 means absence.

2. Causality-derived Cross-distribution Constraint: As shown
in FIG. 8A, every link between two AU nodes has a sign
provided by the domain expert. The + sign denotes positive
influence, which means two AU nodes have co-occurrence
relationship, while a negative sign denotes negative influ-
ence, which means the two AU nodes have mutual exclu-
sive relationship. Considering an AU node AUi has only
one parent node AUj, if the sign of the link is positive,
P(AUi=11AUj=0)<P(AUi=1/1AUj=1) can be generated. If
the sign of the link is negative, then P(AUi=1|AUj=1)=P
(AUi=11AUj=0) can be generated. If an AU node AUi has
more than one AU parent nodes, AU denote all the parent
nodes with positive links, and AU” denote all the parent
nodes with negative links. Then P(AUi=11AU?=0,
AUY=1)= P(AUi=11AU"=1,AU=0) can be obtained.

3. Range Constraint: If an AU node AUi has more than one
parent nodes AU, and all of them with positive influence,
then P(AU,=11AU"=1)=0.8. If an AU node AU, has more
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than one parent nodes AU™, and all of them with negative

influence, then P(AU =11 AU"=1)<0.2.

Please note the above constraints are due to either facial
anatomy or due to certain facial patterns. They are generic
enough to be applied to different databases and to different
individuals.

A. AU Recognition Network Learning

The 8000 images used in experiments are collected from
Cohn and Kanades DFAT-504. In each simulation run, 0 to
5000 samples were randomly selected out of 8000 samples
for training and learning task were repeated for 20 times.
Training data were used for learning the parameters in the AU
Bayesian network (FIG. 8A). After the learning, 1000
untouched samples were selected for testing. Testing data
were used to perform AU recognition through inference given
learned Bayesian network. The training data is complete.

In the first part, it showed the learning results in K-L
divergence on the AU subnetwork in FIG. 8A. In the second
part, the real classification results were shown. ML and
QMAP estimation were applied with qualitative domain
knowledge defined above to learning the parameters in the
AU subnetwork. The K-L divergence was shown in FIG. 8B.
The x-axis and the y-axis denote training sample size and K-L.
divergence respectively. The K-L result is actually the mean
K-L divergence which is calculated by averaging the param-
eter learning results over all randomly selected training
samples under each specific sample size. It was seen that: 1)
QMAP with y=1 performs significantly better than ML esti-
mation under every training data size. More specifically, the
K-L divergence for ML estimation with 3 training sample is
decreased from 2.21 to 0.24 for QMAP with y=1. Even at
5000 training samples, the K-L divergence for ML estimation
is decreased from 0.04 to close to 0 for QMAP estimation; On
the other hand, the results can also be evaluated by counting
how many training samples are required to achieve specific
desired K-L divergence level for ML, MAP and QMAP
method respectively. At 3 training sample, K-L divergence for
QMAP estimation is 0.24. In order to obtain equivalent or
better K-I. divergence level, ML estimation needs 200
samples. At 5000 training sample, K-L. divergence for ML
estimation is 0.04 which can be achieved by QMAP with 10
samples. These results demonstrate that the invention meth-
ods with domain-specific yet generic qualitative constraints,
and with a small number of manually labeled data (10) pro-
vide similar learning accuracy to the ML estimation as com-
pared with a full training dataset (5000).

The learning results of the present QMAP method shed
light over the usage of generic qualitative domain knowledge
in learning task. Therefore, in this section, an extreme case of
parameter learning was explored by ignoring all training data
sample but only employing the set of qualitative constraints
(same set of constraints defined above) to learn the AU sub-
network parameters. In this case, the data statistics counts in
Eq. 10 is zero due to lack of training data. The parameter
estimation is only determined by priori pseudo counts given
the qualitative knowledge. The K-L. divergence in this case is
0.0308 which is lower than K-L. divergence of ML learning
with full training data (5000 training samples). Meanwhile,
this K-L divergence level corresponds to that of QMAP learn-
ing with y=1 at 25 data samples.

B. Classification

In this section, the performance of the learning methods
was studied by using the learned Bayesian network model for
AU classification. For AU classification, the BN model needs
to be fed with AU measurements computed from Gabor
Wavelet jets. Given the AU measurements, the true states of
each AU are inferred using the model parameters learnt with
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the invention method. Specifically, the AU recognition per-
formance was studied under different amount of training data
including the extreme case of using no training data at all, and
compare the classification results with those in [16].

Classification was performed based on the learned AU
network from ML and the QM AP approach in above section.
For demonstration, the learned AU network parameter was
selected under training dataset with representative sample
size: 0, 20, 100, 200, 300 and 500. After learning, 1000
untouched data samples were randomly selected for classifi-
cation test. FIG. 8C shows the AU recognition results. The
x-axis represents the training data size for learning AU net-
work parameters (in case of 0 training size, no training data
but only qualitative prior knowledge is used for AU network
parameter estimation) and y-axis denotes the true skill score
(the difference between true positive rate and false positive)
respectively. The true skill is calculated by averaging all AU
nodes’ skill score. It indicates, from FIG. 8C, that the true
skill score for QMAP with various belief-ratio (y) is signifi-
cantly better than the skill score for MLL estimation under
nearly all training data sample size except for QMAP with
v=0.01. From the above results, it concludes that i) the QMAP
estimation by integrating domain-specific yet very generic
qualitative prior constraints with quantitative training data
significantly improves the AU recognition results comparing
to ML estimation at all sample size spanning from sparse data
to rich data. This conclusion is particularly true with y=1; ii)
the QMARP estimations (with different y) needs much fewer
training samples for AU network to achieve equivalent and
even better AU recognition results than ML estimation; iii)
Comparing the true skill score of QMAP estimation to the
score of ML estimation with full training dataset, it indicates
that, with a much smaller number of manually labeled data
(around 35 samples), QMAP with y=1 can already achieve
much better AU recognition results than ML estimation with
full training dataset (7000 samples).

In particular, even at sparse training data (20 samples), the
average true skill score for all AU nodes increases from
0.6229 for ML estimation to 0.6866 for QMAP with y=1, to
0.6655 for QMAP with y=0.1, to 0.6512 for QMAP with
v=0.01 and to 0.6322 for QMAP with y=0.001; At 100 train-
ing samples, true skill score further enhances from 0.6644 for
ML estimation to 0.6940 for QMAP with y=1, to 0.6928 for
QMAP with y=0.1, to 0.6668 for QMAP with y=0.01 and
0.6677 for QMAP with y=0.001. While training sample size
grows to 200, 300, and 500 samples, the true skill score from
QMAP with y=1.0 is equal to 0.6916, 0.6957 and 0.6942,
respectively, and tends to converge. In the same case, ML
estimation shows consistently lower classification ability
than QMARP. Please note that, using full training dataset (7000
samples for training and 1000 samples for testing), true skill
score for ML estimation converge at 0.6883 (shown as the
black dashed line in FIG. 8C).

While decreasing the weight on prior knowledge to y=0.1,
QMAP requires from 80 to 250 training samples to achieve
better AU classification results than ML estimation with full
training dataset. When v reduces to 0.01, QMAP needs
around 300 samples to outperform ML estimation with full
training dataset. This number keeps increasing while v
reduces. When y=0.001, the true skill score of QMAP tends to
converge with ML estimation. Therefore, in practice, a larger
weight on qualitative prior knowledge is required as long as
the knowledge is valid in a domain. The above conclusion is
also consistent with the K-L measurements in FIG. 8B.

FIG. 4a illustrates joint probability samples. In FIG. 4a, the
joint probability parameter samples are shown by execution
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of'the second step in the invention procedure. FI1G. 4B illus-
trates conditional probability samples.

In summary, it is demonstrated that by the invention
method, qualitative prior constraints can be integrated into
standard Bayesian network parameter learning to achieve
significantly improved prediction results. Furthermore, when
compared these results with a well developed method in AU
recognition [9] by comparing the true skill score of the
QMAP method at 200 training samples to the skill score of
constrained-ML, (CML) estimation (FIG. 4B in [9]) at 300
training samples, while the true skill of each AU node of the
QMAP is plot with optimized y is shown in FIG. 8D, it firstly
demonstrates that the QMAP approach significantly
improves the true skill on AU node number 5, 9, 15,23 and 24,
and slightly improve the skill on AU node 1, 7, 17. The rest
skill is equivalent to ML estimation. Comparatively, the
invention method boosts the skills on those AU nodes (6, 23,
12, 25, 17, 24, 9, 4) whose skill score is worse than ML
estimation in [9].

Therefore, the present invention introduces a novel method
for combining qualitative prior knowledge with training data
for effective Bayesian network parameters learning. First,
different types of constraints can be extracted from domain
knowledge. Then, a numerical sampling method was used to
capture those constraints as priors on the model parameters.
Based on MAP method, a new Bayesian parameter score was
developed to combine priors with the training data to estimate
the Bayesian parameters. The invention method addressed
some of the major shortages of current available methods: 1)
the cross-distribution inequality constraints, i.e. distribution
under different conditions, were incorporated; ii) a soft
parameter score in stead of using the hard constraints in a
penalty function was developed; iii) by sampling directly on
parameter space, the invention algorithm can be more effi-
cient.

The performance of the invention methods in both biology
(dynamic network) and computer vision domains (static net-
work) was evaluated. The results show the effectiveness of the
invention methods in significantly reducing the dependences
on training data while maintaining learning accuracy and in
improving the learning accuracy with the same amount of
data. Results on the real data for facial action recognition
shows that the comparable classification performance using
very limited or even no training data was achieved. This is
practically important since acquiring training data has proved
to be both difficult and expensive. The invention method is
important for many other domains where acquiring training
data is hard to acquire but qualitative domain knowledge is at
hand.

Example 3
Application to Human Embryonic Stem Cells

The invention method was applied to human embryonic
stem cell (hESC). A demonstration can be found at Stemnet
Database (wanglab.ucsd.edu/stemnet). A genetic network,
currently only the transcriptional network, that regulates self-
renewal and differentiation has been established by collecting
knowledge from the literature. The network contains about
100 genes including 23 transcription factors such as the well-
known “master” regulators Oct4, Sox2 and Nanog. There are
also 8, 6, 4 and 4 marker genes for trophectoderm, endoderm,
mesoderm and ectoderm differentiation, respectively. Even
thought this network is not complete, computational predic-
tion was conducted on perturbing the network and compared
the results with the RNAi experiments (FIGS. 5A and 5B).
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Overall, the prediction correlates well with the experimen-
tal measurements. Because of the difficulty of developing
RNAI against genes in hES cells, there are not many data
available for comparison. With the fast advancement of the
technology as well as small molecular screening against
hESC genes, more experimental data of perturbing the net-
work of self-renewal and differentiation is now readily attain-
able. The invention method is very useful in designing experi-
ments and searching for reagents to reprogram cell fate.

REFERENCES

[1] D. Heckerman. A tutorial on learning with Bayesian net-
works. In M. Jordan, editor, Learning in Graphical Mod-
els. MIT Press, Cambridge, Mass., 1999.

[2] D. Heckerman. Learning Bayesian Networks: The Com-
bination of Knowledge and Statistical Data. Proc. KDD
Workshop, 1994.

[3] D. Geiger and D. Heckerman. A characterization of the
dirichlet distribution through global and local parameter
independence. The Annals of Statistics, 25:1344-1369,
1997.

[4] R. S. Niculescu. Exploiting parameter domain knowledge
forlearning in Bayesian networks. Technical Report CMU-
TR-05-147, Carnegie Mellon University, 2005.

[5] R. S. Niculescu, T. Mitchell, and R. B. Rao. Parameter
related domain knowledge for learning in graphical mod-
els. In Proceedings of SIAM Data Mining conference,
2005.

[6] R. S. Niculescu, T. Mitchell, and R. B. Rao. Bayesian
Network Learning with Parameter Constraints. Journal of
Machine Learning Research, 7:1357-1383, 2006.

[7] R. Chang, M. Stetter, and W. Brauer. Quantitative Baye-
sian Inference by Qualitative Knowledge Modeling. The
20th IEEE International Joint Conference on Neural Net-
works, IJJICNN 2007. [8] R. Chang, W. Brauer, and M.
Stetter. Modeling semantics of inconsistent qualitative
knowledge for quantitative Bayesian network inference.
Neural Networks, 21(2-3): 182-192, 2008.

[9] Yan Tong and Qiang Ji, Learning Bayesian Networks with
Qualitative Constraints, /EFE Conference on Computer
Vision and Pattern Recognition (CVPR), 2008.

[10] F. Wittig and A. Jameson, Exploiting Qualitative Knowl-
edge in the Learning of Conditional Probabilities of Baye-
sian Networks. The 16th Conference on Uncertainty in
Artificial Intelligence, USA, 2000.

[11] E. Altendorf, A. C. Restificarand T. G. Dietterich: Learn-
ing from Sparse Data by Exploiting Monotonicity Con-
straints. The 21% Conference on Uncertainty in Artificial
Intelligence, USA, 2005: 18-26.

[12] Linda van der Gaag, B. Hans and Ad Feelders, Monoto-
nicity in Bayesian Networks. The 20th Conference on
Uncertainty in Artificial Intelligence, USA, 2004.

[13] Y. Mao and G. Lebanon, Domain Knowledge Uncer-
tainty and Probabilistic Parameter Constraints. The 25t
Conference on Uncertainty in Artificial Intelligence, USA,
2009.

[14] P. Ekman and W. Friesen. Facial Action Coding System:
A Technique for the Measurement of Facial Movement.
Consulting Psychologists Press, 1978.

[15] Wenhui Liao and Qiang Ji, Learning Bayesian Network
Parameters Under Incomplete Data with Qualitative

5

10

15

25

30

40

45

50

60

20
Domain Knowledge, Pattern Recognition, Volume 42,
Issue 11, Pages 3046-3056, 2009.

[16] Yan Tong, Wenhui Liao, Zheng Xue and Qiang Ji, A
Unified Probabilistic Framework for Spontaneous Facial
Activity Modeling and Understanding, IEEE Conference
on Computer Vision and Pattern Recognition (CVPR),
2007.

[17] Fangting Li, Tao Long, Ying Lu, Qi Ouyang and Chao
Tang, The yeast cell-cycle network is robustly designed,
PNAS, 2004. [18] S. Renooij, S. Parsons, L. C. van der
Gaag: Context-specific Sign-propagation in Qualitative
Probabilistic Networks. IJICAI 2001: 667-672.

[19] Michael. P. Wellman. Fundamental Concept of Qualita-
tive Probabilistic Networks. Artificial Intelligence, 1990.

The invention claimed is:
1. A method, comprising executing computer executable
instructions by one or more processors for predicting gene
expression profile changes upon inhibiting proteins or genes
of drug targets on treating a disease, the method further com-
prising:
constructing a genetic network comprising a structure of a
dynamic Bayesian network based at least in part on
knowledge of drug inhibiting effects on a disease;

associating a set of parameters with the constructed
dynamic Bayesian network;
determining values of a joint probability distribution of the
dynamic Bayesian network via an automatic procedure;

deriving a mean dynamic Bayesian network with one or
more averaged parameters based at least in part on the
joint probability values; and

calculating a quantitative prediction based at least in part

on the mean dynamic Bayesian network,

wherein said method searches for an optimal combination

of drug targets whose perturbed gene expression profiles
are most similar to healthy cells.

2. The method of claim 1, wherein constructing the struc-
ture of the Bayesian network comprises adding directed
edges between variables according to domain expert knowl-
edge.

3. The method of claim 1, wherein associating the set of
parameters with the constructed Bayesian network comprises
denoting joint probabilities of a value of one or more variables
in conjunction with values of other variables in the Bayesian
network.

4. The method of claim 1, wherein determining values of a
joint probability distribution is based on local structures com-
prising a number of activating parents and a number of inhib-
iting parents associated with the Bayesian network.

5. The method of claim 1, wherein deriving the mean
Bayesian network comprises averaging over joint probability
values associated with the network.

6. The method of claim 1, wherein calculating the quanti-
tative prediction comprises integrating over a set of Bayesian
networks and multiplying the result by an apriori probability
of the Bayesian network set.

7. The method of claim 6, wherein integrating over a set of
Bayesian networks comprises applying limits of integration
in a relative order based at least in part on a child node
probability under a combination of activating and inhibiting
parent nodes.



